Neuro-mechanical entrainment in a bipedal robotic walking platform by Veskos,P., & Demiris,Y.,
 
 
 
Neuro-Mechanical Entrainment in a  
Bipedal Robotic Walking Platform 
 
Paschalis Veskos* and Yiannis Demiris* 
*Biologically-inspired Autonomous Robots Team (BioART) 
Department of Electrical and Electronic Engineering 
Imperial College London 
South Kensington, London SW7 2BT, UK 
{paschalis.veskos, y.demiris}@imperial.ac.uk 
 
Abstract 
 
In this study, we investigated the use of van der Pol oscillators in a 4-dof embodied bipedal robotic platform for 
the purposes of planar walking. The oscillator controlled the hip and knee joints of the robot and was capable of 
generating waveforms with the correct frequency and phase so as to entrain with the mechanical system. 
Lowering its oscillation frequency resulted in an increase to the walking pace, indicating exploitation of the 
global natural dynamics. This is verified by its operation in absence of entrainment, where faster limb motion 
results in a slower overall walking pace. 
 
 
1 Introduction 
The traditional engineering approach to robot 
walking has been one based on control theory both 
as a methodology and actual solution of the 
problem. This is an on-line approach, as systems 
assess their performance and make corrections 
while walking. At the core of this approach is an 
internal model of system dynamics, such as the 
inverted pendulum (Kajita, Kanehiro et al. 2002), 
that physically interacts with the environment. 
The most common stability criterion for 
dynamical walking makes use of the Zero Moment 
Point (ZMP). The ZMP is defined as the point in 
space where the robot’s total moment about the 
ground is zero (Benbrahim 1996). The criterion 
states that the vertical projection of the ZMP on the 
ground should be contained within the robot’s 
region of support. As such, the robot cannot topple 
about any point through which it contacts the 
ground. A review of several stability criteria can be 
found in (Garcia, Estremera et al. 2002). 
While control theoretical approaches have been 
successful in creating legged locomoting robots, 
there are certain disadvantages in this methodology. 
First, there is a need for the mathematical model, 
which is specific to the particular system. This 
makes them inflexible in that they are not portable 
to different robotic designs and implementations. 
Additionally, model complexity increases 
disproportionately with the number of mechanical 
degrees of freedom. To illustrate the complexity of 
this task, it is worth noting that even though active 
embodied bipedal humanoids have existed for more 
than 35 years (Waseda 2003), a complete dynamic 
model of five-link (comprising of trunk, thighs and 
shanks) bipedal walking was only very recently 
published in 2003 (Mu and Wu 2003). 
Much interest has been expressed in exploiting 
and making use of system dynamics, as opposed to 
competing against or avoiding them. Natural 
dynamics can be exploited at several levels; robot 
and task statics or dynamics can be utilised during 
the design process, task execution, or both. A 
review of all these cases can be found in 
(Williamson 1999).  
In many implementations, computation has been 
reduced by “off-loading” calculations to the 
mechanical system. Inspired by the corresponding 
biological systems, designers have made use of 
natural dynamics to create walking robots with low-
complexity control systems. This is termed physical 
(Lewis, Etienne-Cummings et al. 2003), or 
morphological (Paul 2004) computation, since leg 
trajectory calculation is explicitly shared between 
the robot’s controller and mechanics. 
The completely passive robots of McGeer 
(McGeer 1990) can be viewed as an extreme 
manifestation of this creed: since they do not make 
use of a controller at all, they completely rely on 
stable system dynamics to walk. It should be clear 
that this design methodology displaces the burden of 
creating proper walking controllers to constructing 
systems that are inherently able to walk without a 
controller. In other words, to reduce the control 
complexity of robots, more time needs be spent 
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designing their mechanical traits. Thus, it has been 
recognised that control and bodily dynamics are 
closely linked and in the design process, both have 
to be considered (Ishiguro, Ishimaru et al. 2003). 
1.1 Compliance 
A typical feature of human actuator behaviour is 
mechanical compliance, allowing for misalignment 
between manipulators and contact surfaces and 
accommodating the smooth transition of forces from 
the no-contact mode region to contact with the 
environment (Dwarakanath, Crane et al. 2000). To 
achieve this in robotics systems there are two routes. 
The first requires passive compliance to be built into 
the manipulator by means of mechanical devices 
such as springs, as in the compliant arm of 
(Williamson 1999). Making changes to actuator 
control loops to achieve active compliance, as 
described in (Mason 1981) is termed force control. 
Here the controlled parameter is the force exerted 
by the motor output shaft and not its position, as in 
most servomotors. 
1.2 Central Pattern Generators 
It has been shown that CPGs exist in both lower 
vertebrates (Grillner, Buchanan et al. 1988) and 
higher mammals (Rossignol, Lund et al. 1988), 
generating motion patterns for breathing, heartbeat, 
mastication and locomotion (Cohen, Rossignol et al. 
1988; Kimura, Sakurama et al. 1998). For example, 
a neural oscillator in the spinal cord of the cat 
autonomously creates rhythmical locomotive 
patterns (Shik and Orlovsky 1976). 
Artificial neural oscillators try to mimic the 
biological systems’ behaviour and structure. 
Probably the most popular model used is the 
Matsuoka oscillator (Matsuoka 1985), consisting of 
two mutually inhibiting neurons. It can be used to 
generate a stable bipedal gait as a system limit cycle 
by global entrainment between the rhythmic outputs 
of the oscillator and the musculoskeletal system 
(Taga 1991; Taga 1995b; Taga 1995a). The 
oscillator and musculoskeletal system are then 
mutually entrained and oscillate with the same 
frequency and phase. Matsuoka oscillators have also 
been used in a physical quadruped to create 
dynamic walking and running behaviours on 
irregular terrain (Fukuoka, Kimura et al. 2003). 
The van der Pol oscillator (Strogatz 2001) was 
here chosen for the smaller number of parameters 
requiring tuning, robustness (Matsuoka is a near-
harmonic oscillator that does not feature an 
asymptotically stable limit cycle) and 
straightforward computational implementation. 
2 Experiments 
In this study, we investigated the use of van der Pol 
oscillators in a 4-dof bipedal robotic platform for 
the purposes of planar walking. The oscillator 
controlled the hip and knee joints of the robot to 
determine its capability of generating waveforms 
with the correct frequency and phase so as to entrain 
with the mechanical system.  
Lowering its oscillation frequency resulted in an 
increase to the walking pace, indicating exploitation 
of the global natural dynamics. This is verified by 
its operation in absence of entrainment, where faster 
limb motion results in a slower overall walking 
pace.  
Neither the robotic system or the environment 
were modelled, but proprioceptive information, i.e. 
the position of the robot’s torso, was physically 
embedded in the system. The same strategy was 
followed by (Lungarella and Berthouze 2002) to 
make use of the distributed control possibilities to 
developmentally investigate a swinging motion by a 
small humanoid robot. 
2.1 Apparatus 
The mechanical setup used in our experiments is 
shown in Figure 1. The robot is supported by a 
metal arm and thus restricted to move in the sagittal 
plane, i.e. vertical to the arm. The arm can rotate 
freely about a vertical axis, by means of a free 
revolute joint. The natural elasticity of the arm 
allows for limited vertical travel. A webcam is 
mounted on the arm itself, next to the axis of 
rotation, so that it rotates in the same frame of 
reference as the robot, yet does not move vertically. 
The webcam is used to track the position of a 
coloured marker placed on the robot’s body. The 
marker’s ordinate is then used as the feedback 
signal for the neural oscillators. 
The robot features two servomotors on each leg, 
actuating the hip and knee joints. These motors are 
position-controlled and hence maintain joint 
stiffness when idle. To exploit this characteristic, 
the system was so arranged that the metal arm 
pushes the standing humanoid downwards. This has 
the effect of forcing the motors to oppose the 
disturbance.  
While this may appear to cause unnecessary energy 
consumption, it has the effect of loading the arm 
with a small force. As a result, the vertical motion of 
the robot is affected by the natural dynamics of the 
metal arm, something that the neural oscillators can 
utilise. Finally, small (~1cm thick) rubber feet were 
attached to the bottom of the shanks in order to 
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partially absorb impact shocks, filter friction and 
provide grip against the floor. 
 
Figure 1: The experimental setup used in this study. 
The elasticity of the suspending arm is exploited to 
absorb impact shocks and provide the system with a 
rudimentary form of compliance. The vertical 
motion of the robot body as it walks is used as the 
feedback signal for the neural controller. 
A PC host is used to collect sensory data via the 
webcam and perform the necessary vision 
processing. This information is then inserted in the 
nonlinear equations for the neural oscillators. These 
are solved with a numerical integration library and 
the appropriate motor commands are generated in 
realtime. Finally, they are transmitted over a serial 
link to the robot’s onboard controller and executed 
by the motors.  
2.2 Non-linear Oscillator 
The equation for the van der Pol oscillator used in 
our experiments is: ( )
{ }
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Where 0μ ≥  is a parameter controlling the 
damping term, ω  is the natural frequency of the 
oscillator, fb  represents the feedback from the 
vision system,  is the feedback gain, while inG i jG −  
is the cross-coupling term gain, linking joints i and 
j. Overall, two oscillators are used, one for the hip 
and one for the knee joint. The output of each is 
used for both the left and right joints. Thus, the two 
sides move in phase with each other, resulting in a 
‘hopping’ motion. 
The value of  has to be sufficiently high to 
excite the oscillator in entraining to the feedback 
signal, yet not make it excessively sensitive to 
spurious inputs such as noise and high-frequency 
harmonics. To aid this effort, an exponentially 
decaying moving average was applied to the 
feedback signal. This way the value of fb used at 
each time-step n was averaged with 30% of the 
value of the previous sample: 
inG
( )1: 0.5 0.7 0.3n n nfb fb −= ⋅ ⋅ + ⋅ fb   (2) 
The gains affecting the cross-coupling terms 
control the influence each oscillator has on its 
counterpart. If they are not equal to each other, a 
phase difference between the two oscillators is 
introduced.  
The natural frequency was set to , a 
high value, to enable quick relaxation oscillations 
when the system failed to entrain. This should aid 
the system in avoid getting stuck in stationary local 
minima. 
2 10.0ω =
Unless mentioned otherwise, the following 
values were used throughout this study: 1.00μ = , 
20.0inG =  and . 
The initial conditions for the numerical integrators 
throughout this study were: 
0.50hip knee knee hipG G− −= =
{ } { }, , , 0.00,0.00,0.00,0.00hip hip knee kneex x x x =   
2.3 Gait Design 
The solution of the oscillator equation is not directly 
fed to the motors, but use of its derivative is made 
instead. The command activating the position-
controlled joints, is: 
( )i out iG sign x Cθ i= ⋅ +   (3) 
where  is the output gain and C a constant. outG
 
Figure 2: Example oscillator output (e.g. xhip, 
bottom waveform) and corresponding motor 
commands (θ, top waveform). Note that the drift in 
the DC component of the oscillator output does not 
affect the motor command. 
This post-processing is necessary as the van der 
In: Proceedings of AISB 2006 Conference, Adaptation in Artificial And Biological Systems, vol.2, pp. 78-84, Bristol, 2006.
Pol oscillator’s output varies in amplitude, 
dependant on the amplitude of its inputs 
(Williamson 1999). It was also experimentally 
found that even brief loss of entrainment could 
produce considerable DC drifts. We thus converted 
the periodic oscillator signal to a pulse-width 
modulated square wave retaining frequency and 
phase information (Figure 2). This worked well with 
the low-bandwidth model aircraft motors we used. 
 
Figure 3: The two robot stances we used: joints 
fully extended (left) and contracted (right). 
The endpoints of the robot’s limbs motion was 
set by choosing suitable values for  and  so 
as to generate a basic gait. There were a number of 
desired properties for this gait: apart from propelling 
the humanoid forwards, an adequate vertical motion 
of the torso had to be detected by the feedback 
system. This was achieved by extending the knee at 
touchdown and hence pushing vertically against the 
floor to raise the robot’s body. At the same time, the 
limb travel distance had to be limited to control 
impact intensity due to the restricted compliance of 
our setup. The resultant postures chosen can be seen 
in 
outG iC
Figure 3. 
3 Results 
In the absence of a sufficiently large amplitude 
periodic feedback signal (as in the beginning of an 
experimental run, when the robot is stationary), the 
oscillator caused the motors to move at its natural 
frequency. This was too high for the motors that 
could not follow the gait trajectories in their 
entirety. Therefore, the steps the robot made were 
incomplete and stride length was small. These small 
and quick steps caused the robot to walk at a very 
slow pace. However, this caused the feedback signal 
amplitude to increase (see Gait Design, above), 
which in turn led to the oscillator entraining to the 
mechanical system’s dynamics. This was indicated 
by a reduction in the frequency of the neural 
oscillator and significant increases in walking speed 
and stride length. 
 
Figure 4: Time series for a typical experimental run 
showing, from top to bottom, the motor commands, 
nonlinear oscillator output and feedback signal. The 
arrows denote the regions where entrainment was 
achieved. 
Data from such an experiment is shown in 
Figure 4, where the feedback signal, oscillator 
output and motor commands are plotted against 
(oscillator) equation time. The three arrows in the 
figure denote the regions where entrainment was 
achieved. There the oscillator produced stable, large 
and generally constant amplitude oscillations, while 
frequency- and phase-locking to the feedback 
signal. It becomes clear that in between these 
regions of stability, the oscillator’s output amplitude 
and DC component show significant drift. However, 
this phenomenon is totally absent in the first case of 
entrainment and significantly reduced in the other 
two.  
The oscillator and feedback signals during the 
above first occurrence of entrainment can be seen in 
more detail in Figure 5. The frequency- and phase- 
locking of the neural oscillator to the mechanical 
signal are evident for t=7 to t=23. The feedback 
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signal resembled a pure sine wave for the first three 
periods of entrainment. However, harmonics began 
to manifest themselves after that, distorting the 
signal. This eventually caused the oscillator to lose 
its lock on the fundamental frequency and destroyed 
entrainment.  
The phase plots for the above two signals in this 
experiment are shown in Figure 6. The initial high 
frequency oscillations occur without forming a 
closed limit cycle. This is possible because the 
motor commands are generated by taking the 
oscillator’s derivative, rather than its direct output 
into account (equation (3)). However, entrainment 
creates a stable limit cycle, seen as a ‘tunnel’ in the 
3D plot. This type of graph additionally emphasises 
oscillator DC drift, allowing for a better assessment 
of entrainment ‘quality’. Thus, in its second 
occurrence, the ‘entrainment tunnel’ can be seen 
drifting, indicating an imperfect lock.  
 
Figure 5: Close-up of the oscillator output and 
feedback signal in the presence of neuromechanical 
entrainment. The oscillator has adapted its output 
frequency and phase-locked to the feedback signal 
for a number of periods. 
This is reflected on the mechanical signal; when 
the oscillator entrains well with the natural 
dynamics, the mechanical system increases the 
amplitude and velocity of its oscillations very 
rapidly. Since there are very few iterations with 
increasing amplitude, this is indicated by a clear 
‘entrance’ to the tunnel, as in the first and third 
cases. In the second case, the tunnel is preceded by 
a growing spiral and does not maintain constant 
volume throughout its length. Loss of entrainment is 
indicated by sharply diminishing amplitude of the 
mechanical oscillation in all cases. 
The system is capable of entraining to the 
natural dynamics of the combined robot-metal arm 
system. It cannot, however, maintain the entrained 
configuration for an extended period of time. The 
problem appears to be the distortion of the feedback 
signal by high-frequency harmonics, destroying 
entrainment. These harmonics are introduced after a 
small number of periods following the onset of 
entrainment. In behavioural terms, the humanoid 
typically makes 2-3 successful steps before motion 
becoming affected by these strong oscillations 
throughout the apparatus. They could be caused by 
the impact shock not being sufficiently absorbed by 
the compliant mechanism and thus transmitted to the 
robot’s body. 
 
Figure 6: Oscillator output (top) and mechanical 
feedback signal (bottom) phase plots for the given 
experimental run. Again, the arrows denote the three 
regions during where entrainment was achieved; 
they are characterised by consistency in the 
oscillator output and large amplitude mechanical 
oscillations. The mechanical feedback signal has 
additionally been smoothed in this plot with a 5-
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point moving average to reduce high frequency 
noise and discriminate it from stable, large 
amplitude oscillations. 
4 Discussion 
In this study, we have demonstrated the use of the 
dynamical systems paradigm to realise a walking 
behaviour in an embodied robotic walking platform. 
Body and neural oscillator dynamics have interacted 
with the environment to rapidly entrain to the 
natural dynamics of the combined robot-metal arm 
system. The oscillator lowered its output frequency, 
resulting in an increase to the walking pace, 
indicating exploitation of the global natural 
dynamics. This is verified by its operation in 
absence of entrainment, where faster limb motion 
resulted in a slower overall walking pace.  Although 
we have made use of a basic planar bipedal 
platform, the successful application of the same 
neural architecture in a robot swinging task (Veskos 
and Demiris 2005) demonstrates the elegance of the 
coupled dynamical system approach. 
Work is currently underway to further stabilise 
the system by augmenting the mechanical setup to 
enhance its compliant attributes. More advanced 
forms of filtering the feedback signal to the same 
end are also being investigated. Expanding the 
neural structure with separate van der Pol oscillators 
for each joint will allow the realisation of an 
antiphase gait. This has already been achieved in 
simulation, albeit in a simplified mechanical system 
without modelling dynamics (Zielinska 1996). The 
more complex neural system will, however, feature 
a large number of parameters that will require 
tuning. This process could be automated by means 
of a learning algorithm such as reinforcement 
learning (Sutton and Barto 1998). 
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